rare variants that are more predictive of disease 8 .
4
To identify pathogenic rare variants in GWA studies, disease cohorts are compared to 1 5 population-scale variomes generated from healthy controls to remove common and low frequency 1 6 variants in diverse human ethnic groups 9,10 . As a result, numerous population genomic studies 1 7
have been performed to characterize ethnicity-relevant variations. One of the largest of such were downloaded from the KPGP database, which included two monozygotic twins, 14 parent-2 3 children pairs, seven siblings, five grandparents-grandchildren, six uncles-nephews, and three 2 4 8 cousins. We analyzed familial SNVs using the same method as in KoVariome and also compared 1 genetic distances between the two groups (see Methods). The genetic distance among KoVariome 2 individuals was higher (pi=8.8e-4) than those found in the familial data, such as monozygotic 3 twins (4.8e-4), siblings (6.7e-4), parent-child (6.8e-4), uncle-nephew (7.7e-4) and grandparents-4 grandchild (7.8e-4), and cousins (8.2e-4); verifying that no genetic bias was present in the sample 5 collection stage. In accordance with previous reports, the multidimensional scaling (MDS) of the 6 variants among Korean, Chinese, and Japanese individuals showed a clear separation of the three 7 populations ( Fig. S2 ) despite the geographical and historical associations between these 8 groups 35, 37 . These analyses reinforce the need for distinct KOREF and KoVariome reference 9 resources to parse disease variants from demographic variants in this population.
We evaluated the accuracy of KoVariome SNV and indel predictions by comparing genotype (ranged: 0.9984-0.9996) and 0.9980 recall (ranged: 0.9817-0.9994) ( Supplementary Table S3 ). In accuracy of the SNV calls was analyzed across the genome, and a total of 499,889 (99.24%) 2 0
SNVs showed a genotype concordance higher than 0.99, while 0.4% of SNVs showed the 2 1 genotype accuracy less than 0.95 ( Supplementary Table S4 ). Similar levels of genotype 2 2 concordances were observed in the repetitive regions of the genome (99.56% of SNVs with the 2 3 9 genotype correspondence > 0.95, Supplementary Table S5 ), suggesting that SNV calling accuracy 1 is not reduced in repetitive regions of the genome.
2
We also compared the accuracy of indel variant calls with the 1,981 indel markers on the 3 Axiom TM Genome-ASI 1 Array. A genotype comparison showed an average accuracy of 98.49% 4 for indels, which was slightly lower than those observed in SNVs ( Supplementary Table S3 ), and 5 comparable to the false positive (FP) rate for indels that was reported in the Danish data 16 . In 6 terms of genomic loci, 1,343 (91.11%) indels showed perfect genotype concordance with array 7 data and 1,446 (98.10%) indels had an accuracy higher than 90% ( Supplementary Fig. S3 ). Characterizing ethnicity specific variants is necessary to understand the demographic differences 1 6
between populations and can be used to filter out low frequency clustered variants in a specific 1 7
group. In KoVariome, there were 3.8M SNVs and 0.9M indels not observed in the 1000GP 1 8 variome ( Supplementary Table S6 ). Among them, 1.1M (29.16%) SNVs and 0.4M (40.88%) 1 2 for VWS symptom, despite the AD inheritance pattern of this disease; and consequently, the 1 R400P substitution also seems to be benign. Taken together, the KoVariome-specific frequent 2 variants demonstrate the importance of using population-scale health data to identify pathogenic 3 loci in specific diseases, and for the accurate identification of benign variants that are not 4 annotated because of population stratification. SNVs in the 'frequent in KoVariome' class. We then compared RVRs across genomic regions assumption that mutations occur randomly throughout the genome, lower rates of RVR in non-2 0 coding regions suggest neutral selection with no or weak selection pressures in the population.
1
Conversely, the highest RVR of frame-shift indels (1.45) suggests there was some purifying 2 2 selection against these variants in the Korean population. Furthermore, about twice as many 2 3
RVRs were observed in the non-synonymous (1.16) and splice-site (1.33) SNVs compared to 2 4 1 3 intergenic regions. Although SNVs in the coding region can be deleterious to protein function, 1 selection pressure on the non-synonymous and splice-site SNVs seem to be slightly lower than 2 that of the frame-shift indels.
Rare SNVs in an individual genome are more likely to be pathogenic than common variants.
5
Because genetic variants are known to be geographically clustered, characterizing population 6 stratification is a critical first step to identifying disease-causing variants 47 . With this concept, we 7 examined rare SNVs in each individual after filtering out common SNVs that were classified as (98.33%) were located in non-coding regions. Among these rare SNVs, we observed an average 3B and Table 2 ). On average, 166 (73.45%) of these SNVs were present in dbSNP (ver. 146), but 1 8 not in the 1000GP variome ( Fig. 3C ). Of the 12,445 non-synonymous rare SNVs distributed in 50 1 9
Korean individuals, we identified 7,645 (61.43%) pathogenic or probably pathogenic SNVs 2 0
predicted by at least one computational algorithm (see methods section, Table S7 ). In total, 38 2 1 (0.5%) pathogenic rare SNVs in KoVariome were homozygotes and the remaining (99.5%) were 2 2
heterozygotes. In addition, 29 (58%) of the donors had no homozygous pathogenic rare SNVs. To 2 3 obtain clinical information concerning these pathogenic rare-SNVs, we searched the genomic loci 2 4 1 4
for these SNVs against the ClinVar database. A total of 127 of the rare SNVs were found in 1 ClinVar, 53 of which showed clear clinical significance. Eight (6.39%) and thirteen (10.24%) 2 were listed as benign and likely benign in ClinVar, respectively, and not fatal for a specific 3 disease. Conversely, 29 (22.83%) and three (2.36%) were pathogenic and likely pathogenic, 4 respectively (Table 4 ). These rare SNVs contribute to disease according to their inheritance 5 patterns, and a manual investigation of the inheritance type using the OMIM database identified 6 seven AD and 17 AR SNVs for specific loci; although we failed to identify the inheritance types 7 for eight SNV loci (Table 4 ). All 17 of the AR SNVs were heterozygous in KoVariome, so it was 8 not possible to assign phenotypes to these loci. Within the donor group with pathogenic rare AD 9 SNVs, we searched for phenotypes or familial histories associated with target diseases in the 1 0
questionnaire. We identified a familial history for type II diabetes mellitus associated with 1 1 rs121918673 allele KPGP participants; however, one donor with the rs121918673 allele was 1 2 nondiabetic and reported no family history of this disease Additionally, one donor was 1 3
heterozygous for the rs121912749 allele, which has been associated with spherocytosis, and this 1 4
donor reported associated symptoms but no anemia ( Supplementary Table S1 and S7). However, 1 5
it is clinically known that spherocytosis has heterogenetic symptoms ranging from asymptomatic population at large as WGS becomes a more routine component of healthcare.
SVs are common across the human genome, though identifying and defining the impact of SVs is 2 1 more difficult than SNVs or indels (<100bp). We predicted on average 6,534 individual SVs, combined SVs ranged in size up to 10M and all classes were enriched in the 1-2Kb size range 1 1 ( Fig. 4D, Supplementary Fig. S6 ).
1 2
Finally, we analyzed the SVs to determine whether they were enriched for repetitive Table S9 ). After filtering out spurious 2 CNVs ( Supplementary Fig. S7 deletions and three duplications were conserved in the 50 Korean individuals (Table 5) .
Interestingly, a long 2M genomic block on chromosome 10, containing seven genes, was found to 1 4
be duplicated an average of 4.22 times in the KPGP donors. Included among these genes is G 1 5
protein regulated inducer of neurite outgrowth 2 (GPRIN2), which is associated with brain European, and Yoruba populations (three-six copies), while no duplications were reported in the 1 8 chimpanzee, orangutan, or gorilla 22 . We also identified 444 CNVs conserved in 1000GP 1 9
( Supplementary Table S10 ), which are probably shared East Asian CNVs and are not specific to 2 0
Koreans. Five deletions and nine duplications were found to be enriched in the Korean population 2 1 using the following criteria; i) odds ratio > 10 comparing with CNV ratio in any continents, ii) p- which is associated with bone mineral density and osteoporosis 50 , was observed by comparing our 1 Korean individuals with EUR, AFR, and AMR populations. This finding is consistent with 2 previous studies which reported that 66.7% of Korean males have a deletion of this gene, 3 compared to only 9.3% of Swedish males 51 . We also observed frequent deletions of acyl-CoA 4 thioesterase 1 (ACOT1), which functions to maintain the cellular levels of acyl-CoA and free fatty 5 acids 52 . We identified the duplication of hydroxycarboxylic acid receptor 2 (HCAR2) in 12% of 6 the Koreans, which is associated with lipid-lowering effects 53 . We excluded the gene duplications 7 of NBPF15 and HERC2 because they were located at the CNV break points. These CNVs will be 8 useful for detecting Korean-specific genetic associations with specific phenotypes in future 9 studies, which is especially important since CNVs are analyzed less often than SNVs even though 1 0 they likely contain important disease-relevant variations. To discover disease-causing genetic variants, researchers rely on comprehensive, population-1 3 specific databases containing the benign genetic variation present within specific ethnic groups.
1 4
The KoVariome database was created to fill this need for the Korean population, and includes 5.5 shown to be genetically distinct from the Chinese and Japanese populations, highlighting the need 2 0
for a Korean-specific variome to accurately identify rare disease variants in this population. All data analyzed in this study were deposited in NCBI SRA (PRJNA284338) and accessions for 1 8 each sample were listed in Supplementary Table S2 . The WGS data were processed according to a protocol that was evaluated by the technical Cleaned paired-end reads were mapped to the human reference genome using BWA 54 and indels 5 were realigned and recalibrated after removing the PCR duplicates. Finally, we identified SNVs 6 and indels for each individual using the GATK UnifiedGenotyper (ver. GATK-Lite-2.3-9) 55 . To 7 improve the quality of identified SNVs, we applied SNV meeting criteria of: i) read depth (DP) is 8 20× or higher, ii) mapping rate is 90% or higher. Low-quality indels were removed from future 9 analyses using the following criteria: i) quality score <27 and DP <6, ii) heterozygous indels with 1 0 mapped allelic valance less than 0.3. searched to identify known pathogenic variants. The genetic distance (pi) between two samples was calculated using the following formula: allele was adopted as the genotype for uncalled sites. alleles analyzed from our pipeline and the genotyping results from the Axiom TM Genome-ASI 1 1 7
Array. The precision of calls was calculated by analyzing the concordance and denoted as true number of genotypes represented on the Axiom TM Genome-ASI 1 Array. The genotype accuracies were measured by analyzing the concordance of the genotypes between the GATK prediction and 2 1 the results from the Axiom TM Genome-ASI 1 Array. The accuracy of the indel predictions were 2 2 2 1 calculated by comparing genotypes between GATK predictions and the Axiom TM Genome-ASI 1 1 Array.
We applied two programs, BD 63 and pindel 64 , to predict genome-wide SVs based on the 4 discordant mate-pair and split-read information, respectively. From the bam files for each 5 individual, insertions and deletions of a length between 100 and 1 Kb were predicted by pindel 6 (ver. 0.2.4t) and those longer than 1Kb were predicted by BD (ver. 1.4.5) 65 . We next constructed 7 unassembled genomic blocks ('N') from the hg19 reference genome and examined the SVs that 8 overlapped with these unassembled genomic regions. From this analysis, we discovered a high 9 portion of spurious SVs in these regions ( Supplementary Fig. S5) , with the majority of them 1 0 >100M in size. The following criteria were used to filter out spurious SVs; i) reciprocally > 10% 1 1 overlaps between SVs and un-assembled genomic blocks, ii) 'N's more than 50% coverage of 1 2
SVs, and iii) more than 2 un-assembled genomic blocks in the predicted SVs. After filtering, we comparing unified SVs with those in the DGV 66 , with 70% reciprocal overlaps. CNVs were predicted with FREEC (ver. 10.6) using window size =100, step size =50, and 1 8 breakpoint =0.6 48 . The spurious CNVs were enriched in >1M in length ( Figure S7 ), which were 1 9 filtered using the same criteria described in the SV methods above. Unified CNVs were CNVs were defined by comparing with CNVs in the DGV database 66 . 
